Background: The aim of this study was to develop an effective surgical site infection (SSI) prediction model in patients receiving free-flap reconstruction after surgery for head and neck cancer using artificial neural network (ANN), and to compare its predictive power with that of conventional logistic regression (LR).
BACKGROUND
Although success rates of microvascular free-flap reconstruction in patients undergoing head and neck cancer surgery are very high [1, 2] , the rate of surgical site infections (SSIs) still ranges from 10 to 40% [3] [4] [5] . This is probably because of the complex anatomic structure of the head and neck as well as the contaminated environment near the regions of mouth and throat. Aggressive surgical procedures and cancer ablation destruct the barrier of oral mucosa and expose the wound directly to bacteria from the mouth and pharynx. A free-flap reconstruction further complicates the situation with the extended operation time and additional risk of exposure to contaminants [6] . Furthermore, salivary leakage and wound bed contamination aggravates the occurrence of SSIs [7] .
Many predictive factors associated with SSIs in patients with head and neck cancer have been proposed. They include higher tumor stage [8, 9] , preoperative chemotherapy [4] , radiotherapy [10] [11] [12] , presence of comorbidity [13] [14] [15] [16] , American Society of Anesthesiologists (ASA) score [17, 18] , concurrent neck dissection [9, 11, 19] , low hemoglobin (Hb) level [19] , low serum albumin concentration [14, 20, 21] , perioperative blood transfusion [22] , type of the flap [3, 17, 23] and operation time [17] . In multivariate logistic regression (LR) analysis of 376 elderly oral cancer patients, Ma et al. identified six parameters independently associated with the occurrence of SSI. They were: body mass index, diabetes mellitus (DM), ASA score, Adult Comorbidity Evaluation-27 score, operation time, and reconstruction with pectoralis major myocutaneous flaps or free flaps [17] . In a multivariate analysis of 197 patients who underwent head and neck reconstructive surgery, Kamizono et al. reported hypoalbuminemia, reconstruction with vascularized bone transfer, and a poor ASA score were significant risk factors for SSIs [20] . In a review of 1,693 chart records of oral cavity cancer patients, Liu et al. described that DM, perioperative blood transfusion, reconstruction with free flap or pectoris major myocutaneous flap, and post-operative serum albumin level were independent factors associated with SSIs [21] . In a study of 276 cases of free-flap reconstruction for head and neck surgery, Karakida et al. concluded that risk factors for SSIs were a long operation time and poor host immune performance status [3] . Notably, these predictive factors varied and even contradicted each other among studies. For example, multivariate analysis by Lee et al. has shown that a history of radiation carried a 2.85-fold of risk for SSIs after head and neck surgery [10] ; however, such risk factor could not be identified in multivariate analysis by Kamizono et al. [20] . In addition, age has been deemed as a definite risk factor for post-operative SSIs. However, in patients with head and neck cancer, age per se has not been confirmed as a factor for SSIs in many studies [11, 17, 24] . Furthermore, for patients undergoing head and neck reconstruction, long operation time [20] , blood loss [20] , tumor location and tumor size [17] , and pre-operative radiotherapy [17] were not identified as risk factors. This evidence may indicate a complex relationship of the occurrence of SSI and various patient situations with many risk factors in the patients receiving free-flap reconstruction after head and neck cancer surgery.
Post-operative SSI can lead to vessel thrombosis and eventual flap loss. However, there is a lack of research on risk prediction of SSI in individual patients receiving free-flap reconstruction after head and neck cancer surgery. Most previous prediction models were developed using univariate or multivariate LR analysis [25] . With interpretability of model parameters and ease of use, LR can generate excellent models and serve as a commonly accepted statistical tool. However, LR analysis is based on assumptions of linear relationship between response and explanatory variables, normal distribution of response variables, and homogeneity of variances of the error terms. If some of the above assumptions are not satisfied in actual data, the model cannot be used as it could have considerable errors [26] . In addition, the artificial neutral network (ANN) is constructed from a set of neurons, such as those found in a brain network, that exchange signals with each other via an interconnected network. Each connection has a numeric weight that can be adjusted during training of the network, making the system adaptive to input patterns and capable of revealing previously unknown relationships between given input and output variables [27, 28] . ANN is one of most suitable method to sort out a complex problem without any assumptions. ANN finds the form of relationship, which is not necessarily linear, and has no limitation on the form of relationship between response and predictor variables. Furthermore, it has a high probability of finding the correct solution in ANN, even if a part of network layers is deleted or works incorrectly [26, 29] . Under the hypothesis that ANN may provide a better predictive power of SSI than LR in patients receiving free-flap reconstruction after head and neck cancer surgery. The aim of this study is to develop an effective SSI prediction model using ANN based on comprehensive patient epidemiologic data, disease characteristic, and operative data and compare its predictive power with that of LR.
RESULTS

Subject and data preparation
There were 1,854 reconstructions enrolled in the dataset for analysis, which included 1,298 reconstructions in the training set and 538 reconstructions in the test set (Table 1) . Of these 1,854 reconstructions in the dataset, there were SSIs in 438 reconstructions (23.6%): 310 (23.6%) and 128 (23.8%) SSIs in the training set and test set, respectively. In the data preparation, because the distribution pattern between Hb and Hct is very similar, only one of these two variables (i.e. Hb) was selected for further classification to prevent inclusion of duplicate parameters. The category of sex was not included as a variable for further classification because there was a very small population of women. 
Univariate logistic regression analysis
Multivariate logistic regression model
In the multivariate LR model, the significant variables developed from the univariate analysis were used for stepwise elimination of the non-significant variables to obtain final multivariate regression models, which included 14 and 20 independent risk factors of SSI at preoperative and post-operative stages, respectively (Table 3) . At the pre-operative stage, SSI was associated with DM, pre-operative radiotherapy, tumor location, tumor stage, WBC, neutrophil percentage, Cr, heart disease, primary tumor, albumin, CVA, and recurrent tumor. At the postoperative stage, additional six variables (re-open, op doctor 5, amount of transfused packed RBC, operative time, flap length, and glucose) were associated with the occurrence of SSI, but pre-operative radiotherapy was not identified as an independent risk factor for SSI at the post-operative prediction. As shown in Table 4 , the accuracy, sensitivity, and specificity of LR in the pre-operative prediction of the training set were 72.64%, 15.69%, and 95.43%, respectively. The accuracy, sensitivity, and specificity of LR in post-operative prediction of the training set were 72.49%, 20.48%, and 93.30%, respectively. In the test set, the accuracy, sensitivity, and specificity of LR in the preoperative and post-operative prediction were 72.3 ± 0.7%, 14.4 ± 0.8%, and 95.4 ± 0.2% as well as 72.7 ± 0.5%, 22.1 ± 0.8%, and 93.3 ± 0.3%, respectively.
Artificial neural network model
The constructed ANN model in pre-operative prediction includes 29 inputs, one bias neuron in the input layer, 12 hidden neurons, one bias neuron in the hidden layer, and one output neuron (Figure 1) . The constructed ANN model in pre-operative prediction includes 50 inputs, one bias neuron in the input layer, 12 hidden neurons, one bias neuron in the hidden layer, and one output neuron (Figure 2 ). The accuracy, sensitivity, and specificity of the ANN in the pre-operative prediction of the training set were 81.00%, 60.90%, and 89.04%, respectively. The accuracy, sensitivity, and specificity of the ANN in post-operative prediction of the training set were 88.37%, 71.28%, and 95.21%, respectively. In the test set, the accuracy, sensitivity, and specificity of the ANN in the pre-operative and post-operative prediction were 77.8 ± 0.4%, 61.4 ± 0.8%, and 89.0 ± 0.4% as well as 75.7 ± 0.6%, 67.0 ± 1.5%, and 95.2 ± 0.2%, respectively (Table 4) .
Comparison between ANN and LR
Because the higher rate of patients without SSIs than those with SSIs would be accompanied by a high accuracy and specificity in the prediction of SSI, therefore, we would rather focus on the sensitivity of these two models. In this study, ANN retained significantly higher sensitivity in pre-operative and post-operative prediction of the test set than LR (61.4% vs. 14.4% and 67.0% vs. 22.1%, respectively). In comparing AUCs of the ROCs between LR and ANN for the training set ( Figure 3 ), the ANN had a significantly higher AUC (0.892) of post-operative prediction and AUC (0.808) of pre-operative prediction than AUC (0.7122) of post-operative prediction and AUC (0.694) of pre-operative prediction of LR (Table 5 ). The results suggest that the ANN has better performance than LR in either pre-operative or post-operative prediction. In addition, there was statistically significant higher AUC of post-operative prediction than pre-operative prediction by ANN (p<0.0001). The calibration curves of these four predictions by LR or ANN all plotted a nonparametric line close along the ideal diagonal line ( Figure 4 ). With an agreement between these performance measures as the highest AUC, Dxy (0.781), c-index (0.890) and the lowest Brier score (0.090), the post-operative prediction by ANN had the highest overall predictive performance (Table 6 ).
DISCUSSION
In this study, there were many interactions among the variables used for predicting SSI. For example, preoperative radiation causes fibrosis and scarring resulting in high rates of post-operative complications [34] . Scarring and fibrosis found in post-irradiation sites is associated with a longer time of operation [11] . In addition, osteoradionecrosis occurs in 1 to 6% of patients who receive radiation therapy to the head and neck region and is associated with a significant higher postoperative wound infection rate [8] . However, the general medical condition in patients selected for radiotherapy is generally considered to be reduced [35] , but the number of comorbid illnesses increases as age increases [36] . Furthermore, generally more experienced surgeons perform surgery on patients who underwent previous radiotherapy [11] . Some authors advocate the contralateral neck vessels for microsurgical reconstruction [37] , but the surgical time and elevated risk of kinking or compression of the vein is increased [38] . The need for microsurgical revision was also significantly higher [11] , and the microsurgical revision is strongly associated with SSIs. LR can incorporate complex relationships with exceptional performance only if they are explicitly identified and by a relatively small set of independent predictors that fit the logistic model assumptions well [39] . However, the limitations of traditional LR become apparent when analyzing a complex dataset with many predictors, making it difficult to specify all possible interactions [40] . Only under conditions with relatively few variables (i.e., < 20), LR can provide odds ratio estimates for risk factors [41] . unexploited interactions to predict SSI. In this study, the sensitivity of traditional LR for SSI prediction is extremely low (all less than or around 20%) in this study and cannot be used in the clinical setting. To improve the prediction performance, the non-linearity handled model (e.g., restricted cubic splines) [42, 43] or newly-developed network-regularized LR [44] may have a greater potential than the conventional LR for SSI prediction. In contrast, establishing an ANN would require less domain knowledge than that required to develop an LR. As a dynamic approach to analyzing risk factors, ANN can modify internal structure to achieve a functional objective and give prediction outputs. With the computational power derived from the distributed nature of its connections, ANN can avoid dimensionality problems and successfully manages complex datasets, even when the ratio between variables is unbalanced or the sample size is small [45, 46] . Since no prior knowledge of the underlying data is required [39] , ANN is ideally suited to deal with complex or unclear relationships of non-linear variables and recognizes patterns in sparse and noisy data making it a natural modeling tool to predict outcome in diverse populations [47] . Furthermore, ANN has been shown to be more accurate and to have better overall performance than LR in many clinical settings, such as to predict inhospital mortality for patients with trauma injuries [48] , patients receiving mechanical ventilation [49] as well as for patients in critical care [50] .
However, unlike that LR is easier to generate confidence intervals in the model to perform area estimates of risk and have better clinical or real-life interpretation [39] , one criticism of ANN is that it is difficult to assess the relative contribution of each variable to the final prediction put forth by the model [29, 51] . Additionally, ANN works as black box and does not provide detailed hazard ratio to indicate the direction and magnitude of influence of each variable on the outcome [52] . For example, in this study, age and Na level were not included as variables during the establishment of the ANN model, because their input would remarkably decrease the accuracy and sensitivity of prediction. However, the reason for such impairment is unknown. In addition, with simpler relationships between the predictor and outcome variables, LR is less prone to overfitting than ANN. The performance in prediction of SSI by ANN is higher in post-operative than pre-operative predictions. Practically, the preoperative prediction by ANN can be used to facilitate a work to decrease SSI before the operation. However, there was still less satisfying prediction of SSI by ANN, considering the relatively low sensitivity of more than 60%. With additional information regarding the surgery, the postoperative prediction by ANN could provide a better predictive performance. In this study, the lack of potential SSI-related information, including oral hygiene and bacterial flora in the oral cavity [53] , perioperative antibiotic use [54] , existence of muscle portion of the flap [21] , existence of prior osteoradionecrosis, requirement of mandibulectomy and the use of plate for bone fixation, which tend to create three-dimensional dead spaces and contribute to SSI [20] , the status of nutrition, and postoperative wound management, may have rendered the prediction model a space for improvement. Furthermore, some of the factors measured were dichotomous variables rather than continuous variables, without considering dose response relationship between exposure levels of these risk factors and SSI. If available, the addition of such information may help increase ANN performance in mortality prediction. Some other limitations of this study should be mentioned. First, the present study has the same limitations as any retrospective study: it is not controlled or randomized. Second, patients with a failed flap were excluded from analysis. However, because severe SSI may result in flap failure, such exclusion may result in a selection bias. Third, the imputation of laboratory data, particularly the glucose level, collected from the time prior to operation may not reflect changes in hemodynamics and the therapeutic effect of this variable. Furthermore, patients in the training and test sets were all from the same population. The predictive power of ANN was not validated in other populations, and therefore its generalizability could not be correctly determined. Finally, there is lack of uniformity of criteria for defining the SSI [55] . For example, the orocutaneous fistulas that did not meet the CDC criteria were not categorized as an SSI in some studies [56, 57] . However, some authors suggested that orocutaneous fistula caused by apparent infection such as abscess formation should be categorized as postoperative SSI [55] . The selection of different definition of SSI may cause a bias in the study.
Despite the limitations, it was a first step in showing the predictive power of SSI by ANN after free- flap reconstruction in patients receiving head and neck cancer surgery. ANN had a significantly higher predictive performance than the conventionally used LR and shed a light on a possible clinical application in the future.
MATERIALS AND METHODS
Ethical approval
This study was approved before its proceeding by the Institutional Review Board (IRB) of Chang Gung Memorial Hospital, a 2686-bed facility and Level I regional trauma center (approval number, 201700336B0). Informed consent was waived according to the regulations of the IRB.
Subject and data preparation
Detailed information of 2,004 patients between March 2008 and February 2017 was retrieved from the registered free flap database and medical records of the hospital. In this study, the patient cohort included those who received free-flap reconstruction after head and neck cancer surgery. Patients with failure of the flap (n=107) or missing data (n=59) were not included in the dataset for analysis. Finally, 1,838 patients with 1,854 free-flap reconstructions were enrolled, with 16 patients receiving two-flap reconstruction simultaneously. The enrolled 1,854 reconstructions were randomly assigned in ratio of 7:3 into a training set (n = 1298) for predictor discovery and generation of a plausible model under supervised classification and a test set (n = 538) to test the performance of the model created in the training sample, respectively. The diagnosis of SSI was mainly according to the criteria of U.S. Centers for Disease Control and Prevention (CDC) [30] , which classified SSIs into superficial incisional, deep incisional, and organ/space infection. In this study, purulent drainage, organisms identified from aseptically obtained specimens, spontaneous dehiscence with fever (>38°C) or localized pain or tenderness, and an abscess involving the wound bed found either on direct examination or by computed tomography examinations are indicators of SSI. In this study, the indications for SSIs that different from the CDC criteria included a clinical diagnosis of a wound infection by the operative surgeon was assigned as SSI; in addition, the orocutaneous fistula was not deemed as SSI, except there was evidence of prior wound infection. These patients were monitored closely postoperatively for signs of infection during daily examinations until the patient was discharged. The diagnosis of SSI was confirmed by the operative surgeon and then was recorded into our microsurgery registry system by one responsible nurse practitioner. The retrieved patient information included the following variables: age, sex, tumor stage, tumor location (data was arbitrarily divided into simple reconstruction after previous cancer ablation; regions of the lip, gum, buccal, and palate; regions of the mouth floor, tongue, and trigon; regions of the oropharyngeal and hypopharyngeal areas), conditions of resulted defect that requires a free-flap reconstruction (simple reconstruction after previous cancer ablation, defect after surgery for primary cancer, and defect after surgery for recurrent cancer), history of betel nut chewing, history of smoking, history of alcohol drinking, body mass index (BMI), pre-existed co-morbidities (such as DM, hypertension (HTN), cerebral vascular accident (CVA), heart diseases (ICD-9 code of 402, 410-416, and 420-429), liver diseases (ICD-9 code of 571), and renal diseases (ICD-9 code of 403-405 and 580-589)), preoperative radiotherapy, and pre-operative chemotherapy. Blood-drawn laboratory data, including white blood cell count (WBC), red blood cell count (RBC), hemoglobin (Hb), hematocrit (Hct), percentage of neutrophil, platelets, international normalized ratio (INR), albumin, glucose, sodium (Na), potassium (K), blood urine nitrogen (BUN), creatinine (Cr), alanine aminotransferase (ALT), aspartate aminotransferase (AST), was also collected. Considering the perioperative data, a microsurgical failure that required a re-open operation may present a considerable effect on the post-operative SSI. In this study, the prediction of SSI was made at two time points, the pre-operative and post- 
Multivariate logistic regression models
In this study, the LR classifier used glm function in the stats package in R3.3.3 (R Foundation for Statistical Computing, Vienna, Austria). A univariate LR analysis was initially performed to identify significant predictors of SSI. To develop a good-fit model, all significant variables derived from univariate analysis were entered into the model. Variables with 5% significance were included in the multiple LR using stepwise elimination to identify independent risk factors for SSI. A prediction model was developed using the probability value calculated from summary score assigned to final variables based on its regression coefficient.
Artificial neural network (ANN) model
In this study, the ANN classifier used the ''nnet'' algorithm, which is a feed-forward neural network, and multinomial log-linear models, with the nnet function in the nnet package in R. The models contained three layers:
an input layer, a single output node, and a single layer of hidden nodes. The number of hidden layer neurons was determined through trial and error, since no accepted theory currently exists for predetermining the optimal number of hidden layer neurons. The number of hidden layer neurons was selected to lead to a predictive network with the best sensitivity and specificity. Tuning parameters included the number of nodes in the hidden layer optimized between 1 and 20. For the training process, maximal iterations and decay were selected as 1000 and 0.001, respectively. To avoid over-fitting, iterations occurred until the error did not significantly decrease.
Performance of ANN and LR
The accuracy, sensitivity, and specificity of the ANN and LR models were calculated. Stratified 10-fold crossvalidation was used to evaluate the predictive power of the models. Briefly, the patients were randomly divided into 10-folds with the number of patients with an event approximately equal in all folds. The model was developed using 9-folds and validation on the tenth. Measures of model performance regarding the area under the curve (AUC) of the receiver operator characteristic curves (ROCs), Somers' Dxy rank correlation coefficient, c-index, calibration curve, and Brier score corresponding to the two different models were measured. A nonparametric approach was performed to analyze the AUC under correlated ROCs using the roc & roc.test function in the pROC package in R, as this approach allowed for the correlated nature of the data to be taken into account such that two or more empirical curves could be constructed based on tests performed on the same individuals [31] . The predicted probabilities against binary events was validated using the val.prob function in the rms package in R. Somers' Dxy assess the predictive discrimination with measured probability of concordance minus the probability of discordance between predicted outcomes and observed outcomes [32] . C-index show how well the model can discriminate between those who have SSI and those who have not; a c-index of 0.5 indicates that the model is useless in predicting SSI and a value of 1.0 suggests perfect discrimination. A calibration curve plots to indicate the agreement between the predicted probabilities and observed outcomes. The Brier score is defined as the mean squared error between the predicted probabilities and the actual outcomes and can be considered as an overall measure of model performance [33] . Brier scores vary between 0 and 1, a lower score indicating higher accuracy.
Statistical analyses
All statistical analyses were performed using SPSS 20.0 (IBM Inc., Chicago, IL, USA) and R 3.3.3. We used Chisquare tests to determine the significance of the association between categorical variables. For continuous variables, we used Mann-Whitney U tests to compare distributed data. Results are presented as mean ± standard deviation, and a p-value of < 0.05 was considered statistically significant.
CONCLUSION
We demonstrated that The post-operative prediction by ANN had the highest overall performance in predicting SSI after free-flap reconstruction in patients receiving surgery for head and neck cancer. The results of studies published so far are encouraging and may provide the first steps towards the development of a prediction model to be used in patient care and reduce occurrence of such postoperative complication.
